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| Inputl5003(%) |

| mm%mm |
[ Dropm(O,Z) |
[ Conv(k=4, stride=4) | [ Conv(1=5,slride=5) | [Convlm=6, stride=6)] IConv(n=!stnde=7)|
|Conv(k=Xstr'\de=1)| | Conv(l=5, stride=1) | [Conv(m=5, stride=1)] | Conv(n=7, strice=1) |
|MaxPoo\(s;=(122‘1])| | MaxPooI(;ﬂ%.l)] |'|MaxPoo(;=(781)] |1 MaxPoo\(lﬂ%‘l]) |

| Concatenate, reshape(~7 b /- 256) |

| Full connected Layer(relu)[64 1= v }] |

>

| Full connected Layer(softmax)[4 1= |
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2 2: FriEAEHEE O confusion matrix

predict label(%)
HeocHiE | WEERE | HERE | PR
Ftoe T 87.0 7.8 1.4 3.8
true label | 5HH#rH 4.9 87.0 1.0 6.8
g H 0.6 1.4 97.0 1.5
PEREHTHE 4.7 0.6 0.1 89.0
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